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Laser powder bed fusion (L-PBF) is a promising additive manufacturing process capable 
of manufacturing near net shaped components directly from digital computer-aided-design (CAD) 
data. Lack of consistency in mechanical properties of L-PBF printed parts prevent widespread 
adaptation of this technique in industry. To understand the factors that cause variability and 
inconsistency in mechanical properties two plates each of tensile and compression samples were 
L-PBF printed in various orientations using Inconel 718 alloy. One plate each of compression and 
tensile samples was subjected to solution annealing and double aging heat treatment. Tensile, 
compressive and hardness properties were measured in as built and heat-treated condition. 
Compressive properties were also characterized in the machined condition to understand the 
influence of all post-processing activities on mechanical properties. Porosity of compression 
samples was characterized with X-ray micro computed tomography to understand the influence of 
porosity on mechanical properties.  
Apart from build orientation, factors such as shape, thickness and laser scanning path were 
found to cause variation in mechanical properties. Anisotropy in mechanical properties that 
developed because of build orientation and laser scanning path was retained after heat treatment. 
Hardness increased by 58% after heat treatment. More than 50% of porosity by volume was found 
to be removed after machining compression samples from 2mm nominal diameter down to 1.5mm 
diameter. The samples also showed higher yield and Young's modulus after machining. An attempt 
has been made to explain the observed variability in mechanical properties across orientation and 
part position on the build plate using machine learning algorithms. Although the regression 
approach could not explain the variability, the classification technique seems to be a plausible 
approach. Orientation and position could not completely explain the variability in mechanical 
properties. This suggests that more variables are involved in determining the final mechanical 
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Most conventional manufacturing (subtractive) processes used extensively in industry 
involve the removal of material to shape the final product. Additive manufacturing builds up each 
part by adding material according to a 3D model, usually layer upon layer [1]. In 1983, Chuck 
Hull invented stereolithography, a rapid prototyping process which uses UV light to 
photopolymerize thin layers of light-sensitive polymer into a three-dimensional part [2]. Many 
layer-based manufacturing techniques have evolved. 
Additive manufacturing (AM) is gaining importance because of its unique ability to 
produce a near net shape part directly from a 3D computer-aided-design (CAD) file. Also, AM 
offers the design freedom to include complicated geometries inaccessible to conventional 
machining processes, such as interdigitated internal channels. These unique capabilities also 
enable a high degree of customization. Some studies conclude that, by 2030, many custom 
products and spare parts will be manufactured by additive manufacturing [3]. Management experts 
predict that AM is going to be crucial for industries such as aerospace, where products with high 
complexity are needed, medicine, where individualization is beneficial, and oil and mining for 
replacement of parts in remote areas [4]. 
The unique capability of the laser powder bed fusion (L-PBF) process to produce fully 
dense parts with complicated geometries and light weight structures in metals has led to 
applications in medicine [5] and, aerospace [6] and in areas needing high value-added products. 
Currently, steel and iron-based alloys, titanium and titanium-based alloys and nickel-based alloys 
are the most used in the L-PBF process. Most of the research work in L-PBF process has been 
done with these alloys [7]. Although the availability of raw material in powder form restricts the 
use of other alloys, the list of materials used for this process is expected to grow in the near future. 
This research, in particular, focuses on the L-PBF process of Inconel 718 a nickel-based super 
alloy. 
Inconel 718 alloy is known for its high strength, creep resistance, corrosion resistance and 
oxidation properties. Its ability to perform at higher temperatures (600 – 800 °C) makes it suitable 




gas, and in nuclear reactors. Parts used in aerospace, nuclear energy, and oil and gas applications 
often have complicated geometries and hence are difficult to machine. Moreover, Inconel 718 
work hardens and causes tool wear and breakage, making the machining process more complicated 
[9]. All these draw backs make AM, especially L-PBF a desirable alternative for conventional 
manufacturing. 
Although there are many advantages to L-PBF, such as complete design freedom, 
manufacturing without tooling and minimal lead time, there are certain factors preventing it from 
widespread adoption. Foremost among them is a lack of consistency or repeatability in the 
mechanical properties of AM parts produced with L-PBF process. The objective of this thesis is 
to investigate reasons for these inconsistencies. Challenges in the characterization of the 
mechanical properties of AM samples in the as-built condition are discussed, as are the influences 
of porosity, sample orientation, and sample location on the build plate. The influences of post-
processing activities, such as machining and heat-treatment, are also characterized. An attempt has 
been made to model the variation in mechanical properties with respect to position and orientation 
using machine learning algorithms. 
1.1. Additive manufacturing     
AM, which was once only used to make prototypes and models, has turned into a 
manufacturing process adapted by various manufacturing sectors and some projections show that 
by 2020 sales of industrial-grade 3-D printers in the United States will be 42% by volume of 
industrial automation and robotic sales [10]. Early AM technologies were only capable of printing 
polymers, but now metals, concrete, wood and even human cells can be additively manufactured. 
Because of its ability to manufacture objects directly from a digital file without the need for special 
tooling, jigs or fixtures, its applications and uses are growing continuously. As mentioned earlier, 
AM is the name for the group of technologies that use layer based manufacturing. Although the 
basic process chain for all AM processes is same, the physics behind the processes are entirely 
different. The AM process chain, classification and applications are discussed as follows. 
1.1.1. Additive manufacturing process chain  
As AM increasingly expands into more industries, a series of four steps have emerged to 




and model construction, selection and optimization of AM build parameters, and sample removal 
and post-processing.   
Step 1: Choosing the right AM technology                                
Because there are various types of additive manufacturing processes such as VAT 
photopolymerization, material jetting, binder jetting, material extrusion, powder bed fusion, sheet 
lamination and directed energy deposition, the right process should be chosen for the specific 
application based on material requirements, the properties of the material generated by the process, 
and the cost, and production volume. AM processes are classified based on the raw material, 
binding technology, and joining technology involved in the process such as laser, extrusion 
thermal, etc. [11]. These classifications have been described by Bikas et al. and are shown in Fig 
1.1 [12]. The ASTM F42 standard classifies additive manufacturing processes into seven major 
categories: 
a) Vat photopolymerization: – This technique uses photopolymer resins, which solidify when 
exposed to light of a particular wavelength. Additive processes that use this technique include 
Stereolithography (SLA), Direct Light Processing (DLP), Continuous Direct Light Processing 
(CDLP) [13]. 
  
Fig. 1.1 Classification of additive manufacturing processes [12]. 




b) Material jetting: -  Material is propelled directly onto the build plate, like an ordinary ink jet 
printer. Nano Particle Jetting (NPJ) and Drop on Demand (DOD) printers use this technology [11]. 
c) Binder jetting process: – The binder jetting process is very similar to the material jetting process 
except that it alternately deposits layers of material and binder. This provides an additional level 
of control, in that the material and binder may be controlled separately for functionally graded or 
hybrid builds. 
d) Material extrusion: – In this process, the source material is heated and extruded as a continuous 
semi-solid wire to construct the part. This technique provides very interesting design modalities, 
such as the ability to construct parts with directionally anisotropic moduli along. 
e) Powder bed fusion: – Raw material (metal or plastic) is fed in the form of powder and spread 
onto the build plate. Then a heat source, either a laser or electron beam, is used to selectively melt 
some part of the powder layer. A new layer of powder is then spread over the previous layer and 
the cycle is repeated to build a three-dimensional part. Selective Laser Melting, Selective Laser 
Sintering, Electron Beam Melting (EBM), and the Multi Jet Fusion process are examples of 
powder bed fusion technology [11]. 
f) Sheet lamination: – Material is fed in sheet form and cut to shape for each layer. These layers 
are then joined using ultrasonic welding or adhesives. Ultrasonic Additive Manufacturing (UAM) 
and Laminated Object Manufacturing (LOM) use sheet lamination technology [11]. 
g) Directed energy deposition: -  In this type of process material is melted by a laser or electron 
beam as it is fed either in powder or wire form and deposited on the surface of the part or build 
plater. Laser Engineered Net Shape (LENS) and Electron Beam Additive Manufacturing processes 
(EBAM) uses this technology [11] 
Step 2: Design for AM and model construction 
After choosing the right AM technology, factors such as support structure, build 
orientation, simplification of design and topology optimization should be considered before 
designing a part for AM. 
a) Support structure:  When there is an overhanging portion in the part being printed all printers 




structures purposefully printed to be very weak to ease their removal after printing; however, the 
areas where the support structures contact the part become rough, which affects the surface finish. 
So, the design of the part should strategically avoid support structure in critical areas where surface 
finish is of importance. The software provided with the printer allows visualization of the part 
along with its support structures so that design could be modified to avoid support structures in 
critical areas of the part.  
b) Build orientation: - Build orientation is an important factor because strength changes with 
respect to the printing orientation of a part. Additively printed part are usually weak along the build 
direction because of weaker interlayer bonding strength. A designer should be aware of this 
anisotropy in additive printing when designing parts for critical applications.  
c) Simplification of design: - Multiple different parts are manufactured individually and assembled 
together to achieve a single functionality in a conventional manufacturing process. Such 
assemblies could be redesigned to combine multiple parts into one without affecting the 
functionality they achieve together. A designer could make use of such advantages to reduce 
assembly time.  
d) Topology optimization: - Topology optimization is the modification of design of the part in 
such a way that it takes least amount of material to manufacture it without affecting its 
functionality. Such modification may result in organic shapes or lattice structures which could not 
be manufactured by conventional manufacturing processes. Ability of AM to print a part with 
lattice structures make it suitable for topology optimized designs.  
Step 3: Selection and optimization of AM build parameters 
Each AM technique has different settings that control the build process. For example, 
thermal extrusion printers have parameters such as extrusion rate and bed temperature. A detailed 
discussion of control parameter optimization for all seven AM methods is beyond the scope of this 
thesis. For further reading, the interested reader is referred to [11].  This work focuses on the L-
PBF process. The basic control parameters for this process include laser speed, spot size, power, 
and scan pattern; layer thickness, dose factor, powder size and morphology; recoate blade speed 
and chamber atmosphere. These parameters must be optimized for each material system, and will 




iterative, non-linear process. This study uses parameters optimized by, and purchased from 
Concept Laser that will be discussed in detail in section 2.3. 
Step 4: Sample removal and post-processing 
After the build is complete, the build plate is transferred from the process station (build 
chamber) to the handling station where the excess, unmolten powder is removed and reclaimed. 
Typically, the powder is sieved for future reuse, although the number of times a powder can be 
recycled is limited [14]. 
 The need for post-processing depends on the size of the part, the material, and the 
application. While a select few geometries do not require post-processing, many do. Some 
common post-processing steps are strain relieve anneals to mitigate thermal stresses that developed 
during the build process, HIP-ing to reduce porosity, polishing and etching to improve surface 
finish, and secondary machining to impart features, such as threads and contact surfaces, that are 
more amenable to subtractive machining. Other traditional post processing steps, such as beta-
annealing Ti-6Al-4V [15] or solid solution/precipitation hardening of Inconel 718 [16], may also 
be added to the post-processing regimen to achieve application-specific materials performance 
requirements.  
1.1.2. Applications of AM processes 
Additive manufacturing finds application in various industries such as biomedical, 
aerospace, manufacturing, automotive, and architecture.  
a) Biomedical: – The development of biocompatible materials for laser AM has enabled additively 
manufactured endoprostheses, and found successful application in knee, hip and spinal implants 
[17]. Because of its ability to print organic shapes and adapt to patient-specific requirements, L-
PBF is also being used in prosthodontics and, orthodontics [18]. Although printing fully functional 
organs is far from reality, some success has been reported in the additive manufacture of cartilage, 
blood vessels, and skin in laboratories [19]. 
b) Aerospace: – Because of the ability to print light weight, high strength parts, additive 
manufacturing has found many applications in the aerospace industry. Electron Beam Additive 




jet engines and turbine blades [20] [21] and to reduce the manufacturing lead time for a spacecraft 
fuel tank by 80% [22]. 
c) Manufacturing: – Additive manufacturing is used for manufacturing dies with complicated and 
intricate designs that could not be manufactured by conventional manufacturing processes [23]. In 
the foundry and casting industry, lost cores and patterns of complicated designs can easily be made 
with AM without additional tooling [21].  
d) Automotive – Additive manufacturing has been used in rapid prototyping in the automotive 
industry for a long time, but recently, stereolithography (SLA) has been used to produce interior 
parts such as light cases, speaker cases, and dashboard inserts. Additionally, L-PBF has been used 
to manufacture exhaust gas manifolds and engine parts [21].  
e) Architecture – Architects have historically relied on wooden models and computer simulations 
to validate their designs. But now, with the advent of 3D printing technologies, scaled models can 
be printed to provide visualization of the actual design [24]. 
1.2. Inconel 718 
 Inconel 718 belongs to the family of superalloys. While the term superalloy does not have 
a strict definition in a technical sense, it is generally understood to be an alloy of nickel, cobalt and 
iron. Superalloys were invented as an extension of stainless steel technology to provide and 
maintain good performance in high-temperature applications. Initially, they were developed for 
gas turbine engine foils (GTE) around 1950 by Eiselstein [25]. 
 Inconel 718 is known for its superior high-temperature performance and oxidation 
resistance [8], [25],[26]; it also possesses good fatigue and creep properties [27], [28]. Since its 
invention, Inconel 718 continues to be researched because of its flexibility and superior properties. 
 Inconel 718 is a precipitation hardened alloy. It precipitates out various phases such as 
γ'(Ni3Al), γ'' (Ni3Nb), δ (Ni3Nb  and η Ni3Ti) at various temperatures during heat treatment, as 
shown in Fig 1.2, and all influence the mechanical properties of this alloy. γ' and γ'' are the 
important strengthening precipitates. δ and η phases are always incoherent with γ matrix and can 
only help in strengthening if they are present in small amount. And hence the influence of different 




processing routes and heat treatments on mechanical properties is characterized [31], [32], [33]. 
The behavior and properties of Inconel 718 at different temperature ranges were quantified [8]. 
Hydrogen embrittlement and oxidation behavior were recorded [34] . Although Inconel 718 is 
extensively studied because of its widespread application in different industries, it has 
disadvantages. It is very difficult to machine Inconel 718 because of its low thermal conductivity. 
Machining of Inconel 718 often results in poor surface finish and tool wear unless the machining 
parameters are carefully chosen because of its work hardening effect. Researchers are continuously 
trying to characterize the work hardening behavior and find optimum cutting parameters for 
machining [35], [36], [37]. Because of these complications involved in machining, additive 
manufacturing became a favorable method to manufacture components using this alloy.  
                         
Fig. 1.2 TTT diagram of Inconel 718 alloy [38] 
            Copyright 1991 by The Minerals, Metals & Materials Society. Used with permission 
Powder bed fusion processes such as Selective Laser Sintering (SLS), Direct Metal Laser 
Sintering (DMLS) and Selective Laser Melting (SLM) are being researched more, as these 
processes provides a combination of small feature size and reasonable build envelopes. 
Experimental investigation was conducted of the static and dynamic properties of additive 
manufactured Inconel 718 alloy, and modeling attempts were made. Much is already known about 




effect of interdendritic δ phase have been experimentally studied elsewhere [29], [39], [40]. The 
impact of microstructure, laser parameters and heat treatment on static mechanical properties of 
L-PBF fabricated Inconel 718 parts has also been experimentally investigated [41], [42], as have 
fatigue and creep properties [43]. Comparative studies of the microstructure and mechanical 
properties of cast, forged and L-PBF fabricated parts have been conducted [44]. A crystal plasticity 
model incorporating the effects of precipitates on compressive, tensile and cyclic deformation of 
DMLS fabricated Inconel 718 has been developed [45]. Thermal models and finite element 
simulations of Inconel 718 fabricated by laser powder bed fusion fabricated samples were 
developed and have been used by others [46], [47], [48]. 
1.2.1. Composition 
The composition of Inconel 718 (UNS N07718) alloy is specified in Ref. [49]. The 
composition of Inconel 718 for additive manufacturing is given by ASTM F3055 – 14 a [50] is 
shown in Table 1.1. Like the wrought and cast alloy, Inconel 718 is a Ni-Cr-Fe alloy with 
intermetallic additions that precipitate strengthening cubic phases ’ (L12) and ’’ (D022) 
Table 1.1 Composition of Inconel 718 in wt % 
Elements min max 
     Ni 50 55 
Cr 17 21 
Fe   Balance 
Nb 4.75 5.5 
Mo 2.18 3.3 
Ti 0.65 1.15 
Al 0.2 0.8 
Co - 1 
    
1.2.2. Standard heat treatment for Inconel 718 alloy 
In general, superalloys are strengthened by different mechanisms such as solid solution 
hardening, precipitation hardening, oxide dispersion hardening and carbide hardening. Inconel 718 
is a precipitation hardened alloy. Precipitation hardening is dependent on the fact that some 
alloying elements have limited solubility in the matrix below a certain temperature. In the case of 
Inconel 718 alloying elements such as titanium, aluminum, and niobium precipitate out at reduced 
Elements min max 
C - 0.08 
Mn - 0.35 
Si - 0.35 
P - 0.015 
S - 0.015 
B - 0.006 





temperature. Precipitates help in strengthening by restricting the movement of dislocation. 
Movement of dislocation is possible only by shearing through precipitates [51]. Precipitation 
hardening has the following steps. 
Solution annealing 
    The temperature of the material is raised and held at a point until all the alloying elements such 
as aluminum, titanium, and niobium completely dissolve in the matrix. Then it is rapidly cooled 
(usually water quenched) to create a super saturated solution of the alloying elements [52]. 
Precipitation hardening 
    Further, the material temperature is raised to some intermediate level and held at that 
temperature for 8-10 h for the phases to precipitate out [52] 
Two different commercial heat treatments are followed for Inconel 718 [49]. 
a) Solution anneal to 1700-1850 ° F then water quench and precipitation harden at 1325 ° F for 8 
hours further furnace cool at 1150 ° F then age at that temperature for 18 h 
b) Solution anneal to 1900-1950 ° F then water quench and then precipitation harden at 1400 ° F 
for 10 hours further furnace cool at 1200 ° F and then age at that temperature for 20 h 
1.2.3. Applications of Inconel 718 
    Because of its superior corrosion resistance, high-temperature properties, and toughness, 
Inconel 718 is used in a wide variety of applications, such as the oil and gas industry, aerospace, 
and power plants. 
a) Oil and gas industry 
     Inconel 718 is recommended by API standards for high-temperature applications where high 
H2S output is expected. Therefore, it is used in several types of equipment, such as drilling tools, 
downhole equipment [31], [53], surface well heads, and Christmas tree equipment.  
b) Aerospace 
    In the aerospace industry, Inconel 718 is used in various applications such as high-speed air 




c) Power plants 
    Directionally solidified Inconel 718 is used in power generation turbine blades for to allow for 
a higher operating temperature and improved efficiency [54]. Because of its high temperature 
corrosion resistance, it is also used in nuclear power plants. 
1.3. Laser powder bed fusion 
      Laser powder bed fusion works by melting and fusing metal powders in a selected region layer 
by layer according to CAD model. This process was invented by Fockele and Schwarze of F & S 
Stereolithographietechnik GmbH, with Meiners, Wissenbach, and Andres of Fraunhofer, ILT [55]. 
At present, many companies, including EOS (Germany), Renishaw (UK), Concept Laser 
(Germany), SLM Solutions (Germany), Realizer (Germany), and 3D Systems (France/USA), 
produce printers using laser based powder bed fusion technology [11]. 
    A schematic representation of an L-PBF printer is shown in Fig. 1.3. It has a powder supply 
piston and fabrication piston. The fabrication piston lowers by a distance of one layer thickness 
while the powder supply piston raises to supply powder for the build. A recoater blade spreads the 
powder over the build plate. Then a laser is used to locally melt the powder along a predetermined 
path. This cycle repeats until the complete three-dimensional part is built. Manufactured parts often 
have support structures, which are used to support parts during fabrication, and unmolten powder 
attached to their surface. After the build is complete the manufactured part is removed from the 
build plate, the support structure removed, and the part processed to achieve application-specific 
performance metrics. Unused powder can be stored for later reuse.  
    An L-PBF process that can produce near-net-shape, fully dense components with minimal post-
processing is an area of active research in AM. L-PBF printed steel, nickel, and titanium alloys are 
commonly studied by researchers. Apart from these three alloys, materials like aluminum, copper, 
tungsten, and gold are also being studied [7] . 
    In a broader sense, research work performed on the L-PBF process can be classified into two 
groups. The first is experimental investigation of process-structure-property relationships, for 
example, studying the relationship between porosity and mechanical and fatigue properties of L-





       Initially, researchers attempted to study the densification, microstructure, and mechanical 
behavior of L-PBF printed parts. The goal of these research works was to find an optimal laser 
energy density that avoids balling phenomena and to study the microstructure of the L-PBF 
fabricated parts [42] [56], [57]. Subsequently, research work on the effect of build orientation on 
mechanical properties was investigated An initial investigation on grain texture and porosity of  
 
 
Fig. 1.3 Schematic representation of laser powder bed fusion (L-PBF) printer 
L-PBF fabricated parts was performed [58]. Effects of heat treatment on microstructure and 
mechanical properties were studied [16] [59], as were high-temperature oxidation properties [60]. 
The influence of laser parameters—like scanning speed, power, overlap, laser scanning path—was 
also investigated [61], [62], [63], [64]; some researchers investigated the possibility of using the 
laser scan strategy and build orientation to tailor the texture of L-PBF printed parts [65]. Fatigue 
crack growth and the influence of different phases on fatigue crack growth were studied [43], [66]. 
          Significant progress has been made on physics-based numerical modeling of the L-PBF 
process. A numerical model of L-PBF considering separate particles has been developed [67]. 




Finite element simulations of laser–particle interactions, considering optical penetration depth, 
were performed [46]. Finite element simulations were created to explain the thermal behavior of 
powder particles [69]. A crystal plasticity model, which includes the effect of precipitates, was 
developed to explain the compressive, tensile, and cyclic loading behavior of additively 
manufactured Inconel 718 [45]. 
1.4. Machine learning 
    Scientists try to explain observed, experimental phenomena based on theory and physics 
principles. Computational models simulate these phenomena to predict the behavior under a 
variety of conditions, and often at a fidelity not easily achievable with physical experimentation. 
And the complexity of some phenomena are currently intractable or prohibitively expensive. For 
example, computational modeling of the L-PBF additive manufacturing process is complicated, as 
it involves modeling a multiscale process. Melting and solidification of metal powders takes place 
in a few microseconds, and building parts take hours—very different time scales. This demands a 
coupled, multiscale model to create microstructure aware models [70]. Creating such a model 
requires a great deal of effort and computational efficiency. Thus, this research uses a data-driven 
modeling approach. Conventional mechanics and materials research involves creating 
computational models based on physics and validating the models through experimentation. Data-
driven models operate in reverse. The model is created by using the available experimental data. 
Machine learning algorithms are at the heart of data-driven modeling. Programmers used to 
instruct the computer step by step through algorithms. But now computers can learn based on the 
data provided. In other words, with the help of machine learning algorithms, computers extract 
knowledge from the data we provide.  
    The concept of artificial intelligence was conceived in the 1950s when Alan Turing proposed 
his eponymous concept that we can claim a computer learns when humans interact with it and that 
there is no difference between human-human and human-computer interactions. In 1959, Arthur 
Lee Samuel of IBM developed a self-learning program that could play checkers [71]. He coined 
the term “machine learning.” Since then, machine learning algorithms have been formulated from 
five different schools of thought, according to Pedro Domingos in his book The Master Algorithm: 




On a broad basis, most of the machine learning algorithms can be classified into three different 
categories: supervised, unsupervised, and reinforcement learning algorithms [71]. 
a) Supervised algorithms 
 Supervised machine learning involves collection of known input values x and measured 
output values y, which can be collected through experimentation or observation. Then, based on 
these data, a function f is identified to predict the output values from arbitrary input. Regression 
algorithms are used to predict continuously variable output; classification algorithms are used 
when the output takes discrete values [73]. 
b) Unsupervised algorithms 
 Instead of finding relationships between input and output variables, unsupervised 
algorithms find relationships between input variables. Clustering algorithms, which work by 
grouping variables based on their distance in the multidimensional input space, and dimensionality 
reduction techniques, like principal component analysis, are examples of unsupervised algorithms 
[74]. 
c) Reinforcement learning 
     In reinforcement learning algorithms, the model updates every time new data are provided. It 
has a feedback mechanism that allows the algorithm to update itself based on every new datum to 
improve prediction. Examples are the upper confidence bound algorithm and Thompson sampling 
[75]. 
1.4.1. Machine learning in materials science and manufacturing 
    Because machine learning models depend only on data, relying on the intrinsic connection 
between the data and the underlying science/physics, they have been successfully used in many 
different sectors, including materials science and manufacturing. Commonly used machine 
learning algorithms in materials science and manufacturing are listed in Fig. 1.4 [76]. 
     In materials science, machine learning algorithms have been used in both microscopic and 
macroscopic property prediction and in crystal structure prediction [76], such as the crystal 




along with machine learning to predict the properties of materials [78], [79]. Microstructural 
images have been identified and classified successfully using machine learning techniques [80] 
             
Fig. 1.4 Commonly used machine learning algorithms [76]. 
                                          Reproduced under license CC BY-NC-ND 4.0 
 Machine learning techniques had been successfully used in the prediction of mechanical 
properties of parts manufactured through conventional manufacturing processes. They were used 
to predict mechanical properties of castings in foundries, surface roughness in CNC machining, 
and mechanical properties of concretes. Because a huge number of variables are involved in 
determining the ultimate strength of castings, physics-based models could not be developed. 
Castings were qualified based only on destructive testing. With the help of machine learning 
algorithms, models were developed to predict the ultimate strength of castings. Various 
classification algorithms were used to predict the ultimate strength of cast parts in foundries [81]. 
Extreme learning machine (ELM), an artificial neural network (ANN)-based algorithm, was used 
to predict mechanical properties of hot rolled products. Many variables like cutting speed, feed, 
tool angle, cutting fluid, and material hardness are involved in determining final surface roughness 
of a part in CNC machining. Because of complications in developing physics-based models, 
machine learning models were used to predict the final surface roughness. ANN coupled with a 
genetic algorithm was used to predict and optimize CNC machining parameters for surface 
roughness [82]. The performance of various machine learning algorithms in predicting mechanical 
strength of cork under compression was evaluated [83]. A support vector machine (SVM) 




a large vapor-grown carbon nanofiber (VGCNF)/vinyl ester (VE) nanocomposite. Machine 
learning models helped eliminate costly experimentation involved in determining concrete 
strength. ANN and support vector regression (SVR) models showed superior performance in 
predicting the splitting tensile strength of plain and steel fiber-reinforced concretes [84].  
All these examples show that machine learning is efficient in predicting the output, or at 
least a range of possible outputs, for a given set of processing conditions when a large number of 
input variables are involved. Although additive manufacturing processes involve many input 
variables such as printing orientaion, printing location, laser power, laser speed, spot size, and 
overlap in determining output mechanical properties, very few attempts have been made to make 
use of machine learning in additive manufacturing.   
1.4.2 Machine learning models used in this research. 
Regression and classification algorithms have been used to model the variations in 
mechanical properties of additively printed parts in this research work. All machine learning 
models used in this research work are explained as follows. 
a) Decision trees 
A decision tree is a supervised learning algorithm that works by developing a set of rules 
based on the training data fed into the algorithm and making decisions based on those rules. 
Decision trees can be implemented into both classification and regression algorithms. 
Classification algorithms perform the split based on an impurity measure. Let us say Nm number 
of training instances reach node m [85]. Ni be number of instances classified as class Ci. Estimate 
of probability (P) of an instance belongs to a class Ci is 
                                                             � �|� , ≡ � =  ����                                                  (1.1) 
The node m is pure if all the instances reaching that node belong to class Ci or all instances 
do not belong to class Ci. If the split is pure, the tree does not need to be split further. If the split is 
impure, entropy is used to measure the impurity of a split using the formula [85] 
                                                            � =  − ∑  ���= �  �                                                      (1.2)  
Where  �  is the ratio of number of instances classified as class Ci at node m to total number 




classification tree except that the impurity measure is the mean squared error of the predicted value 
and the estimated value [85]. 
b) Random forest algorithm 
The random forest algorithm is a supervised machine learning algorithm built based on the 
decision tree algorithm. The difference is that instead of relying on one decision tree, the random 
forest algorithm builds multiple decision trees based on selected input parameters from the 
complete set of input parameters fed to the algorithm. Output from all the decision trees are 
compared and the best output is chosen on a vote basis [86].  
c) Support vector machines 
Support vector machines are also supervised machine learning algorithms that work by 
finding the best hyperplane that separates multiple classes of data in a n-dimensional space. It is 
usually implemented in a classification algorithm, but it could also be implemented in a regression 
algorithm. For detailed mathematical implementation the reader can refer to Ref. [87]. 
d) Kernel ridge regression                                                                                                                     
Kernel ridge regression applies a kernel function to map the input data into a space where 
it can perform linear regression between input parameters and output, whereas the relationship 
between them is nonlinear in the original space. Several different kernel functions like linear, 
polynomial, and Gaussian kernels can be used in modeling. Kernel ridge regression is based on 
ordinary least square and ridge regression. Let X be feature matrix of arbitrary size N × d. Y is the 
output vector, and the kernel ridge regression is used to find the solution to the problem [88], [89]: 
                                                                                     
where γ is the ridge parameter to control trade-off between bias and variance. The closed-form 
solution for the above problem is = � +  � −  �  where I is the identity matrix. The 
predicted output is given by �  [89]. 
e) K nearest neighbor classifier 
K nearest neighbor classifier is the simplest supervised machine learning algorithm. It 
works by guessing the class of an unknown instance based on the class of most neighboring 




instances. Number of neighbors are chosen by user. Many different distance measures are used to 
find the nearest neighbors. For this work Euclidean distance measure shown in equation 1.4 was 
used  
                                                               √ ∑  � −  � �=�=                                                            (1.4) 
where A and B are two points in n-dimensional space.  
f) Naïve Bayes Classifier 
      The Bayes classifier works based on the Bayes theorem mathematically represented as shown 
in equation 1.5. It assumes that every input parameter affects the output independently and there 
is no interdependent variation. 
                                                                                                                                                                                          
P(A|B) is a conditional probability—the probability of event A occurring given B. It is also called 
posterior probability.    
P(B|A) is also the conditional probability—the probability of event B occurring given A. It is also 
called likelihood.         
P(A) and P(B) are probabilities of observing A and B. They are also called marginal probability.   
1.4.3 Validation of models 
     K-fold cross-validation is used to validate the regression models and stratified K-fold cross-
validation is used for classification algorithms. 
a) K-fold cross-validation 
         In K-fold cross-validation the entire data set is divided into k different subsets (in this work, 
10). k−1 subsets are used in training the algorithm and the remaining part is used for validation. 
This procedure is repeated with all k parts of the data withheld in turn as the validation set, and the 
accuracy reported as the average over all iterations. 
 
 




b) Stratified K-fold cross validation: 
Stratified K-fold cross validation is applied to classification algorithms in a procedure that 
is very similar to K-fold cross validation. When the different classes do not have an equal number 
of samples, the data set is divided into k-different parts so as to maintain the percentage of each 
class in every fold. 
1.4.4 Metrics used  
For measuring performance of regression algorithms, the mean absolute error was used as 
the metric; precision, recall, f1-score and accuracy were used in measuring performance of 
classification algorithms. 
a) Mean absolute error: 
Let � be a one-dimensional vector of test data that contains n elements, and �  be another 
one-dimensional vector that contains the corresponding predicted data. Then mean absolute is  
                                                                                                        
                                                                                                                                                                                             
 
 b) Metrics used for classification algorithms: 
Metrics used for measuring performance of classification algorithms are derived from the 
confusion matrix. A confusion matrix helps in visualizing the performance of classification 
algorithms. Confusion matrix terminology is shown in Table 1.2. 
                            Table 1.2 Confusion matrix based on actual and predicted values 
 
 
All the metrics used for measuring performance of classification algorithms are given in 
Table 1.3. Performance of classification algorithms could not be measured by just one algorithm 
as the measure would be biased. So, four different metrics were used for measuring the 
 Predicted Yes Predicted No 
Actual Yes True Positive (tp) False Negative (fn) 
Actual No False Positive (fp) True Negative (tn) 




performance of classification algorithms. They are recall, precision, F-1 score and accuracy. All 
the metrics are derived from the confusion matrix described in the Table 1.2.  
Table 1.3 Metrics used for measuring performance of classification algorithms. The 






1.5. Objective of this thesis          
Conventionally, metallic parts are manufactured through materials fabrication processes, 
like forging and casting, followed by one or more machining processes, like turning, milling, and 
drilling, to remove unwanted material and provide the final shape and dimensions. Methods to 
control the properties of parts manufactured by conventional processes are well understood and 
consistent. There are a large number of variables involved in the additive manufacturing process, 
each of which can affect the mechanical properties of the final part. This thesis is an investigation 
into the reasons for inconsistencies in the L-PBF part properties. In L-PBF, these variables include 
the orientation of the part; the location of the part on the build plate; laser power, speed, spot size, 
and overlap; powder size; layer thickness; etc. This work seeks to understand the impact of part 
build orientation and location of the part on the build plate on the mechanical properties of L-PBF 
printed parts. The impact of post-processing activities, like machining and heat treatment, on their 
mechanical properties is also analyzed. Machine learning algorithms are used to understand the 
sources of variability in the mechanical properties. 
a) Characterizing the variation of compressive, tensile, and hardness properties with respect to 
build orientation and location of samples on the build plate (Chapter 2). 
A fair amount of research has already been conducted on studying the microstructure and 
mechanical properties of L-PBF printed Inconel 718. Some of the earlier research work conducted 
was concentrated on the characterization of microstructure and mechanical behavior, and on 
Metrics Formula Definition 
Recall ( R ) tp / (tp+fn) 
The ratio of positive samples correctly 
classified 
Precision (P) tp/ (tp+fp) 
The total number of positive samples correctly 
predicted from all positive samples 
F1-Score 2*P*R/ (P+R) The harmonic mean of precision and recall  
Accuracy tp+tn/ (tp+tn+fp+fn) 
The ratio of correct predictions over total 




improving or comparing the as-built mechanical properties with a subsequent process, like hot 
isostatic pressing (HIP) and annealing [17], [90]. Anisotropy caused by build orientation was not 
considered in those works. Subsequent attempts focused on optimizing laser parameters, such as 
laser power and laser scanning speed, to manufacture fully dense parts [42],[91]. An attempt has 
been made to characterize the microstructure and tensile properties of L-PBF printed Inconel 718 
in the as-built condition and to compare it with heat-treated samples. Existing work has also 
considered orientation effects [16]. Tensile properties were measured after CNC machining the 
printed parts. Although CNC machining was performed to maintain the sample-to-sample 
uniformity or to comply with a standard geometry, machining modifies the surface morphology of 
the L-PBF printed part completely, removing the unmolten powder and the porosity, which is 
mostly concentrated towards the outer periphery (~200 µm shell from outer diameter). 
Characterizing the parts with all the adverse characteristics of the process is important to 
understand the process without affecting the sample through the changes that inescapably occur 
during post-processing. Therefore, in this research, samples in the as-built condition were 
characterized without any post-processing or machining except removal of the support structure. 
Challenges in characterizing the samples in the as-built condition are discussed. Distribution of 
powder across the build plate varies depending on the flowability of the powder. The orientation 
of the laser also varies based on the location of the sample on the build plate. Hence, the variation 
of properties with respect to location needs to be studied. To the best of the author’s knowledge, 
no previous work has been reported on characterizing the variation of mechanical properties with 
respect to the location on which the sample is printed on the build plate. 
b) Characterizing the influence of post-processing activities such as machining and heat treatment 
on compressive and tensile properties (Chapter 3).  
As an extension of the previous objective, the mechanical properties are characterized after 
machining and compared with properties of the as-built samples and connected to previous 
research works. Popovich et al. have discussed the variation of tensile properties of the as-built 
sample and heat-treated samples (homogenization + aging) at 20 °C and 1000 °C without 
considering effects of orientation [92]. Fabrizia Caiazzo et al. have characterized the tensile 
properties of heat treated samples (solution annealing + aging) at room temperature and 650 °C. 




as-built properties. E. Chlebus et al. characterized the difference in tensile properties from the as-
built condition to four different heat-treated conditions. This work considered four different build 
orientations [16]. Still, more efforts are needed to characterize the effect of heat treatment because 
most previous studies were performed with cylindrical tensile samples with thickness around 4 
mm. In samples of such thickness, the contour laser settings, which are used to scan the outer 
periphery (200 µm) of each part, would have much less effect on the final properties. In this 
research work, flat sub-sized tensile samples of 2 mm thickness, as described in ASTM E8/E8M 
[93], were used to characterize tensile properties. The effect of contour laser settings on the final 
properties are more pronounced on thinner samples. Tensile samples were built in twelve different 
build orientations, and compressive samples were built in nine different orientations to study 
anisotropy effects extensively. Also, most of the previous research work reported tensile properties 
and not compressive properties. Considering that Inconel 718 alloy exhibits tensile/compressive 
asymmetry in mechanical properties [94], [95], characterizing compression properties are also 
important. Also, effects due to printing location and porosity were not considered in previous 
studies. This research work addresses those knowledge gaps in the literature.  
c) Modeling the variation of mechanical properties of L-PBF printed Inconel 718 with respect to 
position and orientation using machine learning models (Appendix A). 
Although machine learning models have been used to predict material properties and 
determine optimum machining parameters for a long time, as described in section 1.4.1, the 
possibility of using them to predict the properties of additively printed metals has not been 
researched extensively. In recent work published by G. Tapia et al., a Gaussian Process Regression 
(GPR) model was used to predict the porosity using process parameters [96]; however, no attempt 
has been made to predict the mechanical properties of additively printed parts using machine 
learning models. In this research work, preliminary attempts have been made to model the 
variation of mechanical properties with respect to position and orientation of additively printed 









         The influence of part orientation, position, and post-processing activities such as machining 
and heat treatment of L-PBF printed Inconel 718 alloys on mechanical properties were 
investigated. For this investigation, four different build plates (two each of compression and tensile 
samples) were printed, as shown in Fig. 2.1. Samples from one of each of the compression and 
tensile plates were removed and analyzed in the as-built condition. The other plates were subjected 
to solution annealing and double aging heat treatment before sample removal. All mechanical 
testing was carried out using the digital image correlation (DIC) technique. Some compression 
samples were machined from a 2 mm nominal diameter down to 1.5 mm nominal diameter. All 
compression samples were scanned using X-ray computed microtomography to characterize 
porosity. Hardness tests were conducted with some compression samples in both the as-built and 
heat-treated conditions.  
           
             Fig. 2.1 a) Compression build plate and b) tensile build plate in as-built condition 
2.1. Experimental method 
The sample dimensions and build plan in this experiment were designed to understand how 
properties of a sample vary with respect to its size, orientation, and location on the build plate. 
Compression samples and tensile samples printed in different orientations and in various locations 




X-ray CT to understand the formation of defects and porosity and their influence on mechanical 
properties.    
2.1.1. Sample dimensions 
 Both compression and tensile samples were printed on build plates of dimensions 
247 mm x 247 mm made out of P-20 tool steel. Tensile samples were ASTM E-8 [93] subsized 
tensile specimens of dimensions shown in Fig. 2.2a. This geometry allows at least four samples of 
each orientation to be built in various locations. 
 Compression samples were cylinders of 2 mm diameter and 4 mm length. This is the largest 
dimension for an Inconel 718 specimen that can be scanned through tomography. Smaller samples 
would have properties more sensitive to overbuilds, unmolten powder, and porosity. So, the 
dimensions of the compression samples were intentionally made small to catch variations caused 
by the above mentioned adversities.     
 
Fig. 2.2 a) Tensile sample dimensions b) Compression sample dimensions 
2.1.2. Printing orientation 
 Two different types of orientations were assumed to influence the mechanical properties 
of the samples. They were polar orientation and azimuthal orientation of the sample, herein 
referred to as ϕ and θ, respectively. Polar orientation (ϕ) is the orientation of the sample with 
respect to the normal of the build plate, and azimuthal orientation (θ) is the orientation of the 
sample with respect to the swiping direction of the blade. Fig. 2.3 depicts polar and azimuthal 





  The laser direction and build direction influence heat flux through the sample during the 
L-PBF process. Grains have been shown to grow in the direction of the heat flux [16]. As the 
direction of heat transfer to the substrate changes with polar orientation of a part, so does the 
resultant heat flux direction. So, it is expected that texture and mechanical properties change with 
polar orientation (ϕ) and azimuthal orientation (θ). 
                          
Fig. 2.3 Two different types of orientations 
Samples were printed in three different polar orientations, ϕ = 0, ϕ = 45, and ϕ = 90, and 
their mechanical properties were studied so that properties of samples at other polar orientations 
could be interpolated from these three orientations. The laser scanning path changes for a part with 
respect to azimuthal orientation, and hence, mechanical properties are also expected to change.  
So, the variation of properties with respect to azimuthal orientation was also studied.   
2.1.3. Build plan (compression samples) 
          In total, nine unique (ϕ, θ) orientation combinations (Table 2.1) were studied in compression 
samples. With 10 mm (can be modified) separation between compression samples, approximately 
600 samples can be printed on a build plate. But if all 9 orientations are printed in all 600 possible 
locations on a build plate, a total of approximately 5,400 samples should be printed on 9 different 
build plates just to study properties in the as-built condition. So, to reduce the number of samples, 
twenty-five samples of the same orientation were printed in each row to study the variations of 
properties along the x-axis. To study variation of properties along the y-axis, all orientations were 
printed thrice on the build plate, except for two orientations [(ϕ = 45, θ = 0), (ϕ = 45, θ = 270)], 




Table 2.1 Combinations of orientations of compression samples  
            
         
                        Fig. 2.4 Schematic representation of samples on compression build plate  
2.1.4. Build plan (tensile samples) 
          In total, 12 unique (ϕ, θ) orientation combinations (Table 2.2) of the tensile specimen were 
printed on the build plate. At least four samples of all orientations were printed on the build plate. 
Samples where ϕ = 0 were printed in greater number in several different locations to understand if 
the properties change with respect to their distance from the laser source. In total, 68 tensile 
samples were printed on the build plate, as shown in Fig. 2.2. A pictorial representation of all these 
orientations is given in Fig. 3.8 in the next chapter.                 
No 1 2 3 4 5 6 7 8 9 
ɸ 90 90 90 0 45 45 45 45 90 




Table 2.2 Combinations of orientations of tensile samples  
 
2.2. Powder and Printer  
  Gas atomized Inconel 718 powders with a particle size in a range of 10–45 µm purchased 
from Concept Laser were used as printing material in this study. 





                       
  All samples for this research work were manufactured with a Concept Laser M2 Dual Laser 
with the specifications shown in Table 2.3. It used the selective laser melting process for printing 
samples. This is a dual laser printer that uses two 200W fiber lasers. The basic parameter editor, 
which was used in this process, provides independent control over the laser settings for four 
contextual build regions: advanced contour, contour, skin, and core laser settings. The laser 
settings are unique combinations of laser power, speed, spot size, and overlap. Laser power speed 
and spot size control the power density. The overlap refers to that of adjacent laser tracks. 
Advanced contour and core laser settings are used only in printing parts more than 10 mm in 
thickness on the surface normal to build direction. So, they have no significance relevant to this 
research. Only two different laser settings named contour and skin settings were used in printing 
the samples. They are explained as follows.  Both contour and skin laser settings use power of 160 
W and speed of 800 mm/s. They differ only by spot size. The contour laser setting uses 50 µm spot 
size, and the skin laser setting uses 80 µm spot size. The contour laser setting with the smaller spot 
No 1 2 3 4 5 6 7 8 9 10 11 12 
ɸ 0 0 0 0 45 45 45 45 45 90 90 90 
ѳ 0 45 90 135 0 90 180 270 315 0 45 90 
 Build Chamber Powder Chamber 
Dimensions (L x W x H) in mm 250 x 250 x 280  250 x 250 x 280 
Volume in dm3 Approx. 18  Approx. 18 
Design height in mm  
(minus build plate thickness) 
Max. 280  




size was used in scanning the outer contour of the samples for a better surface finish and 
dimensional accuracy. 
            Fig. 2.5a shows a metallography of a compression sample ground to 1 mm, etched, and 
polished to show areas scanned by contour and skin laser settings. Fig. 2.5b is a schematic showing 
contour and skin laser settings. There was 0.16 mm of overlap between the contour and skin 
regions of the samples. The build chamber was sealed and maintained in an argon atmosphere to 
establish an oxygen concentration below 0.61%. The temperature of the build chamber was 
maintained between 70 and 80 °F and relative humidity was maintained between 6 and 18 %. 
 
Fig. 2.5 a) Metallography and b) schematic showing contour and skin laser setting. 
2.3. Porosity characterization using X-ray computed tomography 
X-ray computed tomography (CT) is a nondestructive imaging technique that allows us to 
see through the internal structures of an object without cutting it. To obtain a three-dimensional 
tomographic image of an object, it is irradiated with X-rays or gamma rays, and a series of two-
dimensional projections are obtained at various angles. The projections are used to reconstruct a 
three-dimensional image.  
A schematic representation of the X-ray CT scanning process of a compression sample is 
shown in Fig. 2.6. A sample is set in the path of a high-energy X-ray beam, and the intensity 
variations in the beam passing through the sample are recorded by a detector. The intensity of the 
beam passing through thicker metal varies from a porous metal, which enables us to detect porosity 
in samples. Projections are taken as the sample, mounted on the turn table, is rotated through a 




reconstruction software uses these two-dimensional images to produce a three-dimensional 
tomography. 
For this research, CT scans were performed in a Zeiss Xradia Versa 520 that uses a tungsten 
target and an adjustable accelerating voltage of 30–160 kV to generate divergent, white beam X-
rays. At an operating voltage of 160 kV and current of 62.5 μA (10 W), the spot size for this source 
was approximately 5 μm and could image the cylindrical Inconel 718 test coupons at a spatial 
resolution of approximately 4.5 μm. Every compression cylinder of diameter 2 mm x length 4 mm 
was scanned through 360° to obtain 1601 projections. The magnification was set by the source–
sample (a) and sample–detector (b) distances, shown in Fig. 2.6, and the optical magnification 
(moptical). The total magnification is the product of the geometric and optical magnifications: 
                                                                                                   
where a is ~15 mm and b is ~270 mm. This provides a field of view (FOV) of approximately 
4.5 x 4.5 mm. 
 
                                       Fig. 2.6 Schematic representation of X-ray CT scan 




Three-dimensional images generated from CT scans were processed using TRACR, an 
algorithm developed by Henry Geerlings of Colorado School of Mines for his thesis work entitled 
“High throughput porosity characterization using TRACR,” which is to be published in May 2018 
[97]. TRACR characterizes porosity in the sample by differentiating volumes of metal from 
porosity in each sample. TRACR can compute the volume of all pores in the sample irrespective 
of shape or size of the pores and can provide volume fraction of porosity. Pore diameter is 
calculated assuming that all pores in the sample are spherical. Further, statistics of the pore 
distribution are computed: mean pore diameter, median pore diameter, mean pore spacing, and 
median pore spacing. In this work, the effect of maximum pore diameter and porosity volume 
fraction on mechanical properties were studied. 
2.4. Digital image correlation (DIC) 
Digital image correlation (DIC) is a noncontact optical technique to measure displacement 
and compute strain from displacement [98]. DIC works by tracking a group of pixels in digital 
images of the surface of the sample being tested taken at different stages of deformations and 
building up a strain map [98]. This technique has been widely adapted and successfully 
implemented in many experimental mechanics research works [99].  
The image area captured in DIC provides a full two-dimensional strain map, and thus, a 
more complete picture of the strain field than the one-dimensional length-averaged and localized 
strain measured by extensometers and strain gages, respectively. The addition of a second DIC 
camera to the first provides stereo, or 3D-DIC, that adds out-of-plane deformation to the in-plane 
deformation field collected from 2D-DIC. In general, digital image correlation is a three-step 
process: sample speckling, recording images, and processing images [100].   
  Digital image correlation tracks surface deformation by tracking morphological changes of 
high-contrast surface patterns, for example, black spots on a white background. If no such pattern 
occurs naturally, black and white colored paints are used to create a speckle pattern. 
Two important parameters called facet size and step size are involved in determining the 
computing time and accuracy of strain computed by DIC software. Software tracks the 
deformation by groups of pixels called facets. Facet size is measured in terms of pixels. It is a 




images is adjusted per the speckle size, and the speckle size is chosen per the sample size tested. 
The aim is to obtain at least three different color changes along each edge of the facet, as shown 
in Fig. 2.7a. Every facet functions as a point of strain measurement for DIC. Step size, which is 
also measured in terms of pixels, helps resolve the facets. Step size is the number of pixels in the 
overlapping area along each corner of the facet.   
To acquire accurate strain measurements with a Field of view (FOV) of 5 x 4 mm, the 
features of the speckle pattern must be approximately less than 10 µm. To achieve these 
dimensions, compression sample speckle patterns were created with black Createx air brush color 
base and speckled with aluminum oxide powder (less than 10 µm average size) mixed with acetone 
and sprayed with an Iwata HP-BC1 air brush to create a nonreflective surface.  
                     
Fig. 2.7 Examples of a) good speckle pattern and b) bad speckle pattern. 
  An analogous technique was used for tensile specimens. The FOV larger than the 
compression samples required a commensurately larger speckle feature, approximately 40-50µm. 
A uniform white background was applied with Krylon® spray paint. The foreground was applied 
by wafting the sample through an aerosolized mist of black Krylon® spray paint. 
Series of images were recorded at a predetermined frequency while load was applied to the 
sample. The images were acquired at a rate of 1 image per second, and load data was acquired at 
10 data points per second. The load data is down sampled to match the image acquisition rate. In 
2D-DIC, one camera is placed normal to the surface of the sample to capture the images. If the 
deformation being measured is strictly planar, then 2D-DIC is preferred for its ease of setup; 
however, the presence of out-of-plane motion leads to defocusing that makes 2D-DIC data 




compression samples were tested in their as-built condition. However, nonparallel ends caused by 
overbuild or residual support material present on these parts can result in shear (out-of-plane 
motion), so 3D-DIC was required to track the complex compressive deformations observed during 
testing of the as-built parts.  
Strain fields were calculated from the DIC images using commercial software, e.g., 
ARAMIS®, VIC 3D®, or NCORR®. In this work ARAMIS software was used to compute strain.  
2.5. Compression Testing 
  Compression testing was conducted on a Mark 10 ESM1500 load frame equipped with a 
10 kN load cell and YTZP (Yttria Stabilized Zirconia) compression platens. The load frame was 
aligned to less than 20 µƐ of bending strain. A molybdenum disulfide coating was used to reduce 
friction between the sample and platens. All tests were performed under displacement control at a 
0.24 mm/min displacement rate, approximately equal to a strain rate of 10-3 s-1 for a 4 mm tall 
cylindrical compression sample.  
DIC setup for compression testing is shown in Fig. 2.8a. For performing stereo DIC, two 
Baseler acA640–750 µm cameras were positioned at an angle of 25° to the normal direction of the 
surface of the sample being tested, as shown in Fig. 2.8b. Schneider Unifoc-12 lenses (P/N 25-
014780) were used in a forward configuration to achieve the required working distance (the 
distance from the sample to the front face of the extension tube), as shown in Fig. 2.8b. Extension 
tube length of 130 mm was used with a working distance of 120 mm to achieve a field of view of 
5 x 4 mm. This setup was calibrated against a 5 x 4 mm GOM optical calibration target. High-
intensity LEDs were used to illuminate the sample. As DIC only requires black and white images, 
red filters were used to enhance the image contrast. Linear polarizers were used to eliminate 
unwanted reflected light and obtain a reflection-free image.  
Strain computations were performed in ARAMIS 6.3.1 using a facet size of 25 pixels and 
a step size of 13 pixels for all the strain computations. Stereo digital image correlation captured 
full 3D strain surface information; furthermore, with ARAMIS software, uniaxial strain could be 





             
Fig. 2.8 a) DIC set up and b) camera angle and position for compression testing     
2.6. Tensile Testing          
  All tensile testing for this work was conducted on an MTS 370.02 model load frame using 
a 25 kN load cell aligned to less than 20 µƐ bending strain. Hydraulic wedge grips with diamond 
pattern grip faces were used to hold the test specimens. Displacement of the load frame was 
controlled to impart an approximate strain rate of 10–3 s-1 . 
The DIC setup for tensile testing is shown in Fig. 2.9a. For performing stereo DIC, two 
Baseler acA2500–14 µm cameras were placed at an angle of 25° to the normal direction of the 
surface of the sample being tested, as shown in the Fig. 2.9b. Schneider Unifoc-12 lenses (P/N 25-
014780) were used in a forward configuration to achieve the required working distance (distance 
from the sample to the front face of the extension tube), as shown in Fig. 2.9b. An extension tube 
length of 35 mm was used with a working distance of 70 cm to achieve FOV of 45 x 30 mm. This 
setup was calibrated with a 30 x 24 mm GOM optical measuring calibration target. A high-intensity 
LED illuminator was used to illuminate the sample. As only black and white images are obtained 




lighten the difference between similar colors and improve the difference between opposite colors. 
Linear polarizers were used to eliminate unwanted reflected light and obtain a reflection-free 
image.      
Strain computations were performed in Aramis 6.3.1. Facet size of 90 pixels and a step size 
of 40 pixels was used for all the strain computations to maintain consistency. Stereo digital image 
correlation could capture 3D deformation data and further data was processed in Aramis to obtain 
uniaxial strain. 
 
Fig. 2.9 a) DIC set up and b) camera angle and position for tensile testing  
 2.7. Hardness Testing 
Some of the compression samples are utilized for hardness testing as well. Samples were 
mounted in epoxy resin. Struers LaboForce model 100 specimen mover was used to grind the 
samples using 500-, 1200-, and 2000-grit SiC paper and polished with successive diamond polishes 
down to 1 µm. Samples were ground half way through the thickness as shown in Fig 2.10. 
Polishing was completed with colloidal silica. 
A Wilson Tukon Series 200 hardness tester was used to test the Vickers hardness (HV) with 
a 500 lbf load and hold time of 10 s. All tests are conducted per ASTM E-384 [101]. Four 
measurements were made along the length of the sample and the average recorded as the hardness 





   
Fig. 2.10 Samples ground halfway through for hardness measurement    
        
                      
  Fig. 2.11 Schematic showing hardness measurement location 
2.8. Heat Treatment 
In general, two different solid solution and precipitation hardening heat treatments are 
specified for Inconel 718. Plate 1 followed one such heat treatment: it was solution annealed at 
980 °C, then water cooled. The plate was then precipitation hardened at 720 °C for 8 h and allowed 
to furnace cool over 2 h to 620 °C, where it was aged for an additional 8 h before being allowed 








CHARACTERIZATION OF MECHANICAL PROPERTIES IN AS-BUILT CONDITION 
  Often, characterization of mechanical properties of L-PBF printed parts is made after 
machining the parts smooth and to a uniform dimension. However, machining after printing the 
sample is not in line with the direct digital manufacturing principle of additive manufacturing and 
can obfuscate the impact of surface and near-surface defects that form in the as-printed part. And 
while simple geometric shapes like tensile and compressive samples can be machined after 
printing, it may not be possible to machine every surface of more intricate shapes. Hence, 
understanding the difference between properties in the as-built and machined conditions becomes 
important. In this chapter compressive and tensile properties of L-PBF printed samples in various 
orientations and locations on the build plate are studied in the as-built condition without any post-
processing. Variation of properties with respect to the polar orientation and azimuthal orientation 
of the samples and their location on the build plate were characterized. Challenges in 
characterizing additively manufactured samples in the as-built condition and the methods used to 
overcome those challenges are discussed.  
3.1 Challenges in characterizing compressive properties in as-built condition 
  Characterizing compressive properties of additive printed samples in the as-built condition 
is challenging. Factors such as non-parallel ends and non-uniform cross-section prevent standard 
testing protocols from achieving complete uniaxial compression. So, some metrics should be 
established to differentiate uniaxial and non-uniaxial compression. Indeed, even measuring the 
cross-sectional area of the sample is challenging because the shape of the compression sample 
when additively manufactured always deviates from the intended regular cylindrical shape or 
circular cross-section. Hence straight forward measurement of cross-section is not possible. 
Methods used to overcome these challenges are discussed in this section. 
3.1.1. Differentiating uniaxial from non-uniaxial compression.  
  Although post-processing activities such as machining or electro-polishing are not carried 
out on compression samples, support structures are manually removed either by filing or cutting 
using a Dremel® tool. Despite efforts to make the compression sample ends parallel after 




eccentric loading frequently lead to shear or bending, as shown schematically in Fig 3.1. When the 
compression samples were tested in the as-built condition it was not possible to prevent shear or 
bending completely. It was possible, though, to identify whether or not uniaxial compression was 
achieved in a sample using some basic metrics.  
 
               Fig. 3.1. Different modes of compression (a) uniaxial, (b) shear and (c) bending 
Shear or bending may be induced before or after yield. If it is induced before yield the test 
is excluded from analysis. If, however, it is induced after yield, useful data can be extracted from 
the test. To identify whether shear or bending occurred before or after yield, both uniaxial and 
mises strain were computed from all compression tests conducted. Both uniaxial strain vs. uniaxial 
stress and mises strain vs. uniaxial stress plots were made, and 0.2% offset yield and Young’s 
modulus computed from both plots. When Young’s modulus measurements from both plots were 
within 10% variation, the test was considered to have achieved uniaxial compression and was 
retained for analysis. Typical stress-strain plots of both accepted and rejected tests are given in 
Fig. 3.2. 
3.1.2 Area of cross-section of as-built samples 
As mentioned earlier, the cross-section from samples in the as-built condition is not circular 
and not uniform throughout the length. Hence, the cross-sectional area of the compression samples 
cannot be determined by simply measuring the diameter with calipers. Therefore, an algorithm 
was developed to slice the three-dimensional tomography images of every non-machined 




each slice and multiplied by the area of one pixel to obtain the area of the cross-section of each 
slice. Then the minimum area was assigned as the cross-sectional area of that sample. A typical 
cross-section of samples of each orientation is shown in Fig 3.3.             
 
   Fig. 3.2 (a) Accepted compression test and (b) rejected test, the latter being differentiable by 
the clear difference between the calculated uniaxial and mises stress-strain curves. 
 
   
         Fig. 3.3. Typical cross-section of compression samples built in various orientations 
  The target dimension of each sample is 2 mm x 4 mm with an ideal cross-section of 
3.14 mm2. It was observed that the actual cross-section varied from the ideal cross-section. Fig. 
3.4 shows the distribution of actual cross-section of all compression samples tested in three 
different polar orientations. For studying mechanical properties in the machined condition, 




compression samples were tested per ASTM E9 [102]. Modulus measurements were performed 
per ASTM E111. 
 
Fig. 3.4. Distribution of measured areas of compression samples of all polar orientations. 
3.2. Effect of build orientation on compressive properties 
In order to design a part for additive manufacturing, it is important to understand various 
factors that affect the properties of additively printed parts. Build orientation is an important factor 
to be considered. In this work, the impact of two different types of build orientations, such as polar 
build orientation ϕ and azimuthal build orientation θ as discussed in section 2.1.2, were studied. A 
schematic representation of all different types of orientations studied is shown in Fig. 2.3. Laser 
scanning path and the direction of heat transfer to the substrate are two heat flux directions 
involved in the L-PBF process. Grains grow in the direction of resultant heat flux direction. The 
direction of heat transfer to the substrate changes with polar orientation, and laser scanning path 
changes with azimuthal orientation; therefore, it is expected that texture and mechanical properties 






3.2.1. Effect of polar build orientation -ϕ on compressive properties 
The influence of polar build orientation on compressive properties is shown in Fig 3.5. 
Both yield strength and elastic modulus of compression samples show properties in the trend of        
ϕ = 45° > ϕ = 90° > ϕ = 0°. This trend agrees with earlier works reported on tensile properties [16], 
[58]. Several reasons have been reported in the literature for this anisotropy in mechanical 
properties with respect to build orientation. One ascribes this anisotropy to the columnar grain 
growth in the direction of heat flux. As the heat flux direction varies with respect to the laser 
scanning path and build orientation, so do the microstructures and mechanical properties [16].  
Also γ'' precipitates with strong [2 0 0] texture have been reported as a reason for anisotropy in the 
mechanical properties [56]. 
 
Fig. 3.5 Influence of polar orientation ϕ on compression properties a) yield strength and               
b) Young’s modulus  
3.2.2. Effect of azimuthal build orientation - θ on compressive properties 
The influence of azimuthal orientation on the compressive properties of ϕ = 45° and 
ϕ = 90° samples are shown in Figs. 3.6 and 3.7, respectively. Strong trends were not observed with 
respect to variation in the azimuthal orientation θ. This may be because compression samples have 
only a very small cross-sectional area perpendicular to the build direction. The largest cross-
sectional area perpendicular to the build direction of compressive samples is in ϕ = 90° samples 
and it is less than 8 mm2, as shown in Fig 3.8. So, the effect of variation in laser scanning path 





   
Fig. 3.6. Variation of compressive properties of ϕ = 45° build orientation samples with respect to 
azimuthal orientation, θ: (a) yield strength and (b) Young’s modulus. 
 
Fig. 3.7. Variation of compressive properties of ϕ = 90° build orientation samples with respect to          
azimuthal orientation, θ: (a) yield strength and (b) Young’s modulus. 
                                        




3.3. Effect of build orientation on tensile properties 
Different polar orientations (ϕ) and azimuthal orientations (θ) of tensile samples discussed 
in this work are schematically illustrated in Fig 3.9. Heat transfer into the substrate and along the 
receding build path are two examples of heat flux involved in the L-PBF processes. Heat flux 
impacts mechanical properties by affecting microstructure, and it has been shown that grain growth 
occurs in the direction of resultant heat flux direction [16]. The direction of heat transfer to the 
substrate changes with polar orientation and build path changes with azimuthal orientation. So, it 
is expected that texture and mechanical properties change with polar orientation (ϕ) and azimuthal 
orientation (θ). Tensile samples were tested in the as-built condition only. The conditions that 
adversely affect the testing of compression samples in the as-built condition are not present in 
tensile testing because, unlike compression testing, the loading direction is perpendicular to the 
sample-load frame contact surfaces. In the absence of these testing artifacts, it is expected that 
trends in tensile properties with respect to polar and azimuthal orientation will more accurately 
reflect the true properties of the materials. 
3.3.1. Effect of polar build orientation - ϕ on tensile properties 
Despite a huge spread in properties, from Fig. 3.11 in page 44 we can observe a clear trend 
in all tensile properties. Yield strength, Young’s modulus, and ultimate strength show a clear trend 
with respect to polar orientation such that ϕ = 90° > ϕ = 45° > ϕ = 0°.  This trend does not agree 
with either literature or the compression properties discussed earlier. 
 Yield strength, Young’s modulus, and ultimate strength of ϕ = 45° are larger than those 
measurements for ϕ = 90°, i.e., the tensile properties at ϕ = 45° are greater than the tensile 
properties at ϕ = 90°, according to E. Chlebus et al. [16]. This disparity may be because samples 
tested and reported in literature were cylindrical samples with gage diameters not less than 4 mm, 
whereas in this work, flat specimens with rectangular cross-sections and gage thicknesses of 2 mm 
were used. In flat samples, the ratio of the area scanned with contour and skin laser settings is 
significantly different than that for the ϕ = 90° sample, as illustrated schematically in Fig. 3.10. 
Compared to the machined samples of thicker circular cross-section tested in literature [16], flat 
tensile specimens built at ϕ = 0° and ϕ = 45° orientations exhibited a lower Young’s modulus while 




fraction built with the contour laser setting impacts the final mechanical properties of samples 
built at any angle to the build surface. 
 
Fig. 3.9 Schematic representation of a) polar build orientation (ϕ) and azimuthal build 
orientations for b) ϕ = 0° samples, c) ϕ = 45° samples and d) ϕ = 90° samples 
                
 
Fig. 3.10 When built at ϕ = 0° each layer in the build is a cross section as shown in panel (a), as 
compared to the cross section of parts built (b) at ϕ = 90°. A larger fraction of the part is built 
with the contour laser setting in (a) than in (b). 
3.3.2. Effect of azimuthal build orientation - θ on tensile properties 
It is clear from Figs. 3.12 in page 45, 3.14 in page 46, and 3.15 in page 47 that azimuthal 
orientation has very low effect on ϕ = 0° and ϕ = 45° samples, but has considerable impact on 




        
Fig. 3.11 Variation of tensile properties (a) yield strength, (b) Young’s modulus, (c) ultimate 
strength, and (d) ductility with respect to polar orientation. 
more obvious and clear in ϕ = 90° build samples. The laser scanning pattern at every point in the 
build is set by the distance to the surface nearest to that point. Points within 200 µm of an outer 
surface are built with the contour laser scanning pattern. In a single build layer, the skin will be 
more than 200 µm from an edge. Points more than 200 µm from any surface are built with the skin 
laser scanning pattern. For ϕ = 0° and ϕ = 45° builds, area scanned with skin laser setting is very 
small. This laser scanning pattern traverses the layer cross-section at a constant angle.  
For ϕ = 90° samples, area scanned with skin laser settings per layer is large compared to 
samples of other two orientations. Importantly, at ϕ = 90°, the constant angle for the skin laser 
scanning pattern is collinear with the loading direction in the gage at θ = 45°. This effect is shown 
in Fig. 3.13 in page 45. Also, ϕ = 90° samples were loaded perpendicular to build direction during 
testing, where variation of laser scanning path and its effect on mechanical properties becomes 




   
Fig. 3.12 Variation of tensile properties of ϕ = 0° build orientation samples with respect to 
azimuthal orientation, θ (a) yield strength, (b) modulus, (c) ultimate strength and (d) ductility. 
 
             
Fig. 3.13 Variation in the laser scanning path caused by azimuthal build orientation a) ϕ = 90 °  





    
Fig. 3.14 Variation of tensile properties of ϕ = 45° build orientation samples a) yield strength b) 
Young’s modulus c) ultimate strength and d) ductility with respect to azimuthal orientation θ  
3.3.3 Effect of printing location on tensile properties 
Because the laser source is fixed and not moving, the intensity distribution and shape of 
the laser spot may vary between a position straight below the source and a position at an angle to 
the source on the build plate. This effect was studied in additive manufacturing of polymers but 
not in metals. Studying and quantifying this effect would help us understand how far from a laser 
source we could build samples without a significant change in properties. This effect is one of the 
important factors to be considered to expand the build volume in the L-PBF process. To study this 
effect, ϕ = 0° build orientation samples were built at various locations on the build plate. ϕ = 0° 
samples were chosen to study this effect because ϕ = 0° builds are more constrained to a specific 
location and they are built with the least change in laser orientation throughout the build. The 





   Fig. 3.15 Variation of tensile properties of ϕ = 90° build orientation samples a) yield strength    
b) Young’s modulus c) Ultimate strength and d) Ductility with respect to azimuthal 
orientation θ 
A comparison of Young’s modulus of samples built by laser 1 and laser 2 in various locations 
of the build plate is shown in Fig. 3.17 in page 49. It could be observed that there is no strong trend 
in variation of modulus of samples as their distance from the laser source increases. This proves 
that variation of intensity distribution within the range of the build plate is minimal, and effect of 
this variation on tensile properties is not strong. 
3.4. Hardness  
Hardness properties are shown in Fig. 3.18 in page 49. Unlike other properties discussed 
previously, hardness properties do not show a strong trend with respect to build orientation. These 
results are generated by testing nine samples in each orientation.  From Figs. 3.5 in page 40, 3.11 
in page 44, and 3.18 in page 49, it can be observed that the trends in compressive strength and 




understood that hardness values of additively printed parts are not representative of the parts’ 
tensile and compressive strengths like conventionally manufactured parts. This may be because 
additive printing is a layer-based process and hence different layers may undergo different thermal 
histories, unlike conventional processes.  
 
                             
Fig. 3.16 ϕ = 0 ° samples printed in various location on the plate to assess the effect of their 












Fig 3.17 Variation of Young’s modulus with respect to sample’s position on build plate             
a) laser 1 and b) laser2 
 
 
                     








INFLUENCE OF POST PROCESSING ACTIVITIES AND POROSITY ON MECHANICAL 
PROPERTIES 
All samples were printed to their specified dimension and geometry and were expected to 
achieve their desired properties. In reality, they deviated from their specified geometry, shape, and 
expected mechanical properties for several reasons, such as unmolten powder, overbuild, porosity, 
and support structures. Machining makes the shape of the compression samples uniform, removes 
all unmolten powder on their surface, and removes most of the porosity concentrated around their 
outer periphery. Also, it was discussed earlier in section 3.3 that some part of the sample was 
manufactured with contour laser setting and some part was manufactured with skin laser setting. 
Machining removes the part of the sample manufactured with contour laser setting; hence, 
variations in properties after machining need to be understood.   
Heat treatment changes the microstructure. Because Inconel 718 is a precipitation hardened 
alloy, new phases precipitate out in the matrix and strengthen the alloy. For this reason, it is 
important to understand how heat treatment influences the properties in general and whether it 
changes the anisotropy developed in the as-built condition because of build orientation. To 
understand the impact of machining, some samples from each polar orientation in the as-built 
condition were machined from 2 mm diameter down to 1.5 mm nominal diameter. At the same 
time, samples from heat-treated plates of compression and tensile samples of all polar orientations 
were tested and their properties were comparatively analyzed with corresponding properties in the 
as-built condition, as discussed in this chapter.  
4.1 Effect of post processing activities on compressive properties 
Machining and heat treatment are two common post-processing activities used to improve 
mechanical properties. Machining is performed to remove all unmolten powder and porosity and 
to make the surface of the part smooth. Currently, standard solid solution strengthening and 
precipitation hardening heat treatments are also frequently performed to improve mechanical 
properties. In this section, the impact of both these post-processing activities on compression 
properties are analyzed by comparing them to the samples in corresponding orientations in the as-




4.1.1. Effect of machining on compressive properties   
Figure 4.1 reveals that the trend in variation of properties with respect to polar orientation 
remained the same in both the as-built and machined conditions, but that the latter showed 
improved modulus and yield strength. This change can be rationalized by the fact that the area 
produced by the contour laser setting is completely removed and that the ends are flat and parallel, 
which, unlike coupon ends in the as-built condition, creates the conditions required for uniaxial 
compression. Moreover, after machining, 50% of the porosity was removed. Also, the cross-
sectional area of the samples became uniform after machining. A nonuniform cross-section leads 
to an axial misalignment in the application of load that further complicates strain measurements. 
All these factors contribute to improvement of properties after machining. While the yield strength 
became more consistent, the distribution of modulus measured remained wide even after 
machining, which is consistent with the insensitivity of the static Young’s modulus to sub-1% 
porosity. 
 
Fig. 4.1 Comparison of properties in as built and machined condition a) yield strength and b) 
Young’s modulus 
4.1.2. Effect of heat treatment on compressive properties 
After solution annealing and ageing, all heat-treated samples, regardless of orientation, 
show improved yield strength. This is expected because after heat treatment the phase fraction of ′ (Ni3Al) increases, which increases the yield strength [92]. Although the mean Young’s modulus 
of all build orientation shows a positive shift, the distribution stays within the range measured in 




developed in the as-built condition (ϕ = 45° > ϕ = 90° > ϕ = 0°) is still preserved even after heat 
treatment. This indicates that the anisotropy with respect to build orientation that developed in the 
as-built condition is not modified by annealing, which is in agreement with literature [16]. 
 
            Fig. 4.2. Comparison of compressive (a) yield strength and (b) Young’s modulus                   
in the as-built and heat-treated conditions. 
4.2. Effect of heat treatment on tensile properties 
In general, after heat treatment, tensile samples showed improved yield, Young’s modulus, 
and ultimate strength, but reduced ductility. As shown in Fig. 4.3, irrespective of polar build 
orientation, yield strength became uniform after heat treatment. Young’s modulus retained the 
anisotropy (ϕ = 90° > ϕ = 45° > ϕ = 0°) developed in the as-built condition, even after heat 
treatment. Tensile strength and ductility became uniform for ϕ = 0° and ϕ = 45° samples, and ϕ = 
90° samples showed improved tensile strength and ductility when compared with samples from 
the other two orientations. ϕ = 0° and ϕ = 45° samples showed 45% and 36.3% improvement in 
yield, and ϕ = 90° samples showed only 31% improvement in yield after heat treatment. This could 
be understood by the effect discussed in section 4.3.1. The ratio of area scanned by contour laser 
setting is higher in ϕ = 0° and ϕ = 45° samples than in ϕ = 90° samples in the as-built condition. 
Additionally, the mechanical properties of the portion scanned by contour laser settings change in 
a way to make ϕ = 45° and ϕ = 0° samples lower in yield and Young’s modulus.  
From Fig. 4.4, it can be observed that anisotropy in properties developed in ϕ = 90° samples 
was also retained after heat treatment because of variation in the scanning path with respect to 




orientations after heat treatment. This proves that anisotropy developed in the as-built condition is 
not modified after heat treatment. Hence, it is important to understand and control anisotropy in 
the as-built condition to achieve consistency in properties.  
 
Fig 4.3. Comparison of (a) yield strength, (b) Young’s modulus, (c) ultimate strength and          
(d) ductility (%) in the as-built and heat-treated conditions. 
4.3 Influence of heat treatment on hardness 
The hardness of the L-PBF printed samples improved from 312 ± 20 HV in the as-built 
condition to 493 ± 32 HV after heat treatment, an approximately 58% increase. As in the as-built 
compressive and tensile properties, no trends were observed with respect to polar orientation. 
Comparisons of hardness in the as-built and heat-treated conditions with respect to orientation are 





     
Fig 4.4. Comparison of (a) yield strength, (b) Young’s modulus, (c) ultimate strength,               
(d) ductility (%) for ϕ = 90° samples in as-built and heat-treated conditions. 
 
 





4.4 Comparison of compressive and tensile properties 
Fig 4.6 and Fig 4.7 compare the tensile and compressive properties in the as-built and heat-
treated conditions. It is clear from Fig. 4.6 that the tensile yield strength and Young’s modulus are 
greater than the compression yield strength and Young’s modulus in the as-built condition, 
irrespective of build orientation ϕ. In the heat-treated condition, samples with build orientations of 
ϕ = 0° and ϕ = 45° show similar properties in both compression and tension. For the same reasons 
discussed in section 3.3.2, the properties of ϕ = 90° samples look better in tension in both the as-
built and heat-treated conditions. Fig 4.8 shows the typical stress-strain responses of as-built and 
heat-treated samples in both compression and tension. The strain hardening seen in this figure 
demonstrates that plastic deformation occurs through crystallographic slip. Overall, compression 
properties show a large distribution compared to tensile properties in both the as-built and heat-
treated conditions. 
 
Fig 4.6 Comparison of compressive and tensile properties in as built condition a) yield strength 
b) Young’s modulus 
4.5 Porosity and its influence on mechanical properties  
 Figure 4.9 in page 57 shows the distribution of porosity volume fraction in the as-built and 
machined conditions. Although the sampling size in the two conditions is not equal, most as-built 
samples have a porosity volume fraction in the range of 0.1–0.2%, and most machined samples 
have a volume fraction below 0.1%. A reduction in the volume fraction porosity in excess of 50% 
is achieved after machining. Also, Figs. 4.9 in page 57 and 4.10 in page 58 show some samples 









Fig 4.8 True stress-strain responses for (a) as-built samples under compression, (b) heat-treated 
samples under compression, (c) as-build samples under tension and (d) heat-treated samples 




To understand these outliers, the distribution of porosity volume fraction and maximum 
pore diameter with respect to orientation was studied. Figure 4.11 shows the distribution of volume 
fraction of porosity and maximum pore diameters with respect to orientation. It is clear from 
Fig. 4.11 that most of the outliers with very high porosity volume and pore diameter were built at 
ϕ = 45°, particularly those samples at θ = 0° located near the supply side of the build plate, as 
shown in the schematic in Fig. 4.12 in page 59. Further investigation into the tomography of those 
samples confirmed that the lack of fusion defect followed distortion of the sample build. A typical 
distorted sample with lack of fusion porosity is shown in Fig. 4.13 in page 59. 
The mechanism for forming lack of fusion defects can be understood in the light of build 
mechanics. A “bow wave” is formed in the melt pool ahead of the laser along the laser path, as 
seen in Fig. 4.14 in page 60, which leads to the formation of overbuild. Once the overbuild reaches 
a critical size the powder blade hits the overbuild, affecting the powder distribution and, 
subsequently, the part geometry. This is a typical example that shows how orientation and location 
of samples affect the quality of the build. 
   




    
Fig 4.10 Comparison of maximum pore diameter in as-built and machined conditions. 
 
  
Fig 4.11 Distribution of porosity with respect to polar orientation in as built condition 




               
Fig 4.12 Location of samples with high porosity volume and max pore diameter are highlighted 
in red. 
 
        
Fig 4.13 Tomography of a compression cylinder showing (a) distortion of the sample topology 









               











CONCLUSION AND FUTURE SCOPE 
Based on the findings discussed in this work, the following conclusions can be made: 
1.    Both tensile and compressive properties show anisotropy with respect to polar build orientation 
(ϕ). The effect of a change in azimuthal orientation θ on mechanical properties of ϕ = 0° and 
ϕ = 45° oriented compression and tensile samples is insignificant. While the impact on ϕ = 90° 
oriented compression samples is also minor, the impact on ϕ = 90° tensile samples is significant. 
This is because of the relative orientation of the laser scanning path to the sample loading (gage) 
direction, which changes with azimuthal orientation. The impact of laser scanning path on the 
final mechanical properties could be studied in detail in future work. 
2. Anisotropy due to build orientation and the laser scanning path in the as-built condition is 
retained after heat treatment. The crystallographic texture that develops with respect to build 
orientation in the L-PBF process is known and discussed in the literature [56]. This anisotropy 
may be favorable in the sense that the properties of the part could be tailored, or unfavorable 
when isotropic properties are desired. In future work, strategies could be researched to control, 
mitigate, or eliminate anisotropy developed in the L-PBF printed parts. 
3. Compression samples tested after machining showed improved mechanical properties. 
Furthermore, compared to larger diameter, circular cross-section tensile samples reported in the 
literature [16], tensile samples of ϕ = 0° and ϕ = 45° orientations exhibit a lower Young’s 
modulus, while ϕ = 90° samples show comparable Young’s moduli. This provides evidence that 
the area scanned with contour laser settings may have an impact on the final mechanical 
properties of samples with smaller cross-sections perpendicular to the build direction. In the 
future, microstructural variations caused by scanning with contour and skin laser settings and 
their impact on mechanical properties could be studied. 
4. For a given orientation, tensile samples do not show large variations in properties across the 
build plate; compressive properties do. Preliminary attempts at regression and classification 
modeling of these variations are discussed in Appendix A. Regression algorithms are unable to 
accurately predict Young’s modulus from orientation and location. Comparatively, 




plate. Though more accurate than regression algorithms, classification algorithms could not 
exceed 50% accuracy, which suggests that location and orientation of samples could only 
partially explain the variation in mechanical and structural properties. Additional features are 
required to better fit the observed property variation, features such as sample composition and 
microstructure. Such identification is left for future research. A future study could consider 
modeling variation of mechanical properties with respect to laser parameters such as spot size, 
overlap, laser power, and speed. The interlayer scanning interval (time interval for scanning one 
complete layer of the part) would increase with respect to an increase in the area of cross-section 
perpendicular to the build direction, which would result in different thermal cycles and 
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INVESTIGATION OF THE RELATIONSHIP BETWEEN ORIENTATION, LOCATION AND 
MECHANICAL PROPERTIES USING MACHINE LEARNING ALGORITHMS 
A.1 Data collection and processing 
A total of 72 compression samples of nine different orientations were tested in the as-built 
condition. Young’s modulus was chosen as the target property for modeling, as it shows wide 
variation. The following variables are used as input parameters to predict the Young’s modulus:  
a) X (mm) – Horizontal distance from the plate edge. (Ref Fig 6.1) 
b) Y (mm) – Vertical distance from the bottom edge of the plate. (Ref Fig 6.1) 
c) ϕ (degree) – Polar orientation 
d) θ (degree) – Azimuthal orientation 
The first problem was approached using the dimensionality reduction and data 
visualization technique t-SNE (t-distributed stochastic neighbor embedding) to observe any 
obvious spatial correlation between input parameters and Young’s modulus and to identify gaps 
in sampling the phase space. Subsequently, the problem was approached with the regression 
technique to examine any relationship between input and output parameters. Finally, the problem 
was approached using the classification technique. For the development of all machine learning 
models, Python module Scikit-learn  [75]  was used in this research work. 
                                               




A.2 t-SNE plot 
 
           Fig. A.2 a) t-SNE plot, Young’s modulus vs. location, b) ϕ = 0°, c) ϕ = 45°, d) ϕ = 90° 
Figure A.2a shows the t-SNE plot, which visualizes spatial relationship by reducing four 
dimensions X, Y, θ, and ϕ, to two dimensions. Figure A.2b, c, and d show the variation of Young’s 
modulus with respect to the location of the sample on the plate. No obvious relationship between 
the location of the sample and its Young’s modulus could be observed from the plots. Also, the t-
SNE plot does not show any interesting clustering that could describe the variation of Young’s 
modulus; hence, regression algorithms were used to find any nonlinear relationship between input 




A.3 Regression algorithms.  
As the distribution of powder may vary from blade start point to finish across the build 
plate, and the angle of incidence of the laser varies for samples in the middle of the plate to samples 
at the edges, a functional relationship between sample position on the build plate and its 
mechanical properties could be expected. Regression algorithms were used to investigate the 
possibility of a nonlinear relationship between input parameters X, Y, θ, and ϕ, and output 
parameter Young’s modulus. Regression models like decision tree regression, random forest 
regression, kernel ridge regression, and support vector regression were used to model available 
data. Tenfold cross-validation was performed to evaluate the performance of these models. Mean 
absolute error (MAE) was used as a metric to estimate the model performance. Results are shown 
in Fig. A.3. 
 
Fig A.3 Predictions for cross-validated model a) decision tree regression b) random forest 




                      
       Fig A.4 Mean absolute error in 10-fold cross validation  
None of these regression algorithms were consistent in predicting the Young’s modulus. 
All these algorithms could predict only with a mean absolute error of at least 50 GPa. This means 
that there is 100 GPa of uncertainty in all predictions. Therefore, these models are not reliable in 
predicting the Young’s modulus. It could be understood that input variables do not have non-linear 
relationship with the Young’s modulus.  
A.4 Classification algorithms 
From the failure of regression algorithms to predict the modulus precisely, it can be 
understood that variability in data does not allow precise prediction of properties with respect to 
orientation and location. Regression modeling may have failed because of the small sample size, 
and regression algorithms  may be sensitive to outliers. So, a new approach of classification model 
was used to predict a range of Young’s modulus achievable for a sample with desired orientation 
and location.  
Young’s modulus was converted into a categorical variable by dividing it into four different 
classes. Two different methods were used in classifying the data. 
Method 1: Four different classes in accordance with four bins uniformly divided as shown in the 





Method 2: Assumes a normal distribution. Four different classes based on mean μ and standard 
deviation σ. Class1: Modulus < μ -σ, Class2: μ – σ < Modulus < μ, Class3: μ < Modulus 
μ + σ and Class4: Modulus > μ + σ  
 
                    Fig A.5 a) Histogram plot of Young’s modulus b) normal distribution 
Five different classification algorithms—decision tree classification, random forest 
classification, K-neighbor classification, naïve Bayes, and SVM classification—were used to 
model the data classified according to both methods. Since the number of samples in each class 
was not equal, instead of K-fold cross-validation, stratified K-fold (fivefold) cross-validation was 
used to estimate the performance outside the training range. Stratified K-fold cross-validation 
ensures the percentage of samples in each class is preserved in all of the five folds divided. Average 
precision, recall, f-1 score, and accuracy score were used as metrics for comparing the performance 
of the classification algorithms. Final results are shown in Figs. A.6 and A.7. 
 From results shown in Figs. A.6 and A.7, it could be observed that the classification 
algorithm works better than regression. Also, from Figs. A.6 and A.7, it could be inferred that K-
neighbor classifier works better than other classifiers in Method 1 classification and naïve Bayes 
classifier works better in Method 2 classification. They have balanced recall, precision, and f1-
score as well. 
K-neighbor classifier works based on reducing the Euclidean distance between the data 




classifiers confirms that samples having the same build orientation and similar location tend to 
have similar properties. Naïve Bayes classifier works better in Method 2 because naïve Bayes 
classifier assumes a Gaussian distribution of the data, which matches with the definition of 
classification in the second method. 
 
                           Fig A.6 Performance results of classification algorithms for Method 1 
 
                            Fig A.7 Performance results of classification algorithms for Method 2 
For comparing the two best classification models, a confusion matrix of both models from 
all five iterations is plotted (Fig. A.8). It is clear from Fig. A.8 that the naïve Bayes classification 
model using Method 2 classification works better, as it could predict at least three classes with 






Fig A.8 Confusion matrix of a) KNN classifier Method 1 and b) Naïve Bayes classifier Method 2 
Although classification algorithms perform better than regression models they could not 
exceed 50% accuracy. This explains that there are variations that could not be explained by 
orientation and location of the sample. Investigation into microstructural variations, examination 
of compositional variations and probing into defects other than porosity may be required to explain 
these variations.  
 
 
 
 
 
 
 
